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Abstract

Quantitative analysis of neural morphology is central to un-
derstanding circuit development, computation, and pathol-
ogy. Current methods often analyze topology or graph
structure in isolation. We introduce GraPHFormer, a mul-
timodal architecture that combines topological and graph
representations through contrastive learning. The Vvi-
sion branch processes a three-channel persistence image
encoding unweighted, persistence-weighted, and radius-
weighted densities via DINOv2-VIT-S. In parallel, a TreeL-
STM encoder captures geometric and radial attributes from
skeleton graphs. Both project to a shared embedding
space trained with symmetric InfoNCE loss. We evalu-
ate GraPHFormer on six benchmarks (BIL-6, ACT-4, JML-
4, N7, MI-Cell, MI-REG) under self-supervised and su-
pervised settings, demonstrating consistent improvements
over topology-only, graph-only, and morphometrics base-
lines. We further demonstrate practical utility through
cross-domain transfer between neuronal and glial mor-
phologies and embedding space analysis.

1. Overview

This supplementary document provides additional experi-
mental details, ablation studies, and analyses that comple-
ment the main paper. Specifically, we present:

¢ Additional ablation studies (Section 2): We evaluate im-
age encoder architectures, analyze the statistical indepen-
dence of RGB channels through correlation analysis, and
visualize individual channel contributions.

* Cross-domain generalizability (Section 3): We assess
transfer learning between neuronal and glial morpholo-
gies across species, demonstrating that the learned repre-
sentations capture organizational principles that general-
ize across cell classes.

* Embedding space visualization (Section 4): We present
t-SNE projections of learned embeddings across multiple
datasets, revealing clustering patterns that reflect morpho-
logical organization.

* Cross-modal retrieval analysis (Section 5): We evalu-
ate bidirectional retrieval between tree graphs and persis-
tence images, characterizing the alignment and informa-
tion asymmetry between modalities.

¢ Alternative training strategies (Section 6): We explore
MoCo-style training with various fusion mechanisms,
comparing attention-based and simple fusion strategies.

* Visual correspondence (Section 7): We provide quali-
tative examples illustrating the relationship between tree
structures and their persistence image representations.

These analyses provide deeper insights into architectural
choices, learned representations, and cross-domain applica-
bility.

2. Additional Ablation Studies

2.1. Image Encoder Architecture

Table | compares six image encoder architectures for neu-
ron morphology representation learning, using TreeLSTM
as the tree encoder across all experiments. We evaluate
DinoV2-S, ResNetl8, ResNet50, SmallViT, and two hy-
brid variants (R18-ViT and R50-ViT) that replace the last
two ResNet layers with vision transformer blocks. Mod-
els are trained for 50 epochs with self-supervised learning
and evaluated every 5 epochs using frozen k-NN classifica-
tion. Results are averaged over 5 random seeds. DinoV2-S
achieves the best average performance (70.6%), excelling
on BIL (87.0%) and JML-4 (74.3%), while ResNet18 per-
forms best on ACT (54.2%).

Table 1. Ablation study for image encoder selection across dif-
ferent architectures. Models are trained for 50 epochs using self-
supervised learning and evaluated every 5 epochs with frozen k-
NN classification on three benchmark datasets. Hybrid variants
(R18-ViT, R50-ViT) replace the last two ResNet layers with ViT
blocks. Results are averaged over 5 random seeds with best per-
formance in bold.

Model ACT-4 BIL-6 JML-4 ‘ Average
R18-ViT 497+14 857+£00 726+40 | 693+1.8
R50-ViT 51.0£14 849+07 71.5+0.7 | 69.1+£0.9
ResNet50 | 52.9+33 845+18 71.5+2.1 | 69.7+24
SmallViT | 49.6+15 86.0+1.1 703+25 | 68.6+1.7
ResNet18 | 542+1.0 849+12 71.7+1.7 | 703+£1.3
DinoV2-S | 50.6+09 87.0+2.1 743+1.9 | 70.6+1.6

2.2. RGB Channel Independence Analysis

We validate our multi-channel encoding by extracting fea-
tures from single-channel persistence images and comput-
ing pairwise Spearman correlations on BIL-6. Table 2
shows moderate correlations (0.35-0.45, average 0.41).
The G-B pair (persistence versus radius) exhibits lowest
correlation (0.354), demonstrating that branch length and



thickness encode complementary geometry. While not per-
fectly orthogonal (p < 0.2), moderate correlations are ex-
pected since all channels derive from the same underlying
morphology. The ablation results presented in the main
paper show that RGB (63.3%) substantially outperforms
single (<60.7%) or dual (<61.7%) channel configurations,
confirming that all three channels contribute unique infor-
mation despite moderate correlation.

Table 2. Pairwise correlation between RGB channel features (BIL-
6 dataset). Moderate correlations indicate related but distinct mor-
phological aspects. The G-B pair (0.354) is most orthogonal,
showing that persistence and radius capture complementary infor-
mation.

Channel Pair  Correlation Interpretation
R-G 0.433 Moderate

R-B 0.447 Moderate

G-B 0.354 Lower (more orthogonal)
Average 0.411 Moderate independence

Figure | visualizes the individual and combined RGB
channel encodings. Each channel encodes distinct topolog-
ical features: the R channel shows high intensity in regions
corresponding to dense branching near the soma, while the
G channel emphasizes persistent branches in intermediate
regions. Channel combinations (RG, RB, GB) demonstrate
how different pairings capture complementary information,
with the full RGB representation providing comprehensive
encoding of topological features.
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Figure 1. Visualization of RGB persistence image encoding and
channel ablations. Each channel encodes distinct topological fea-
tures. The R channel exhibits high intensity in the upper region
while the G channel shows high intensity in the middle area. Chan-
nel combinations (RG, RB, GB) demonstrate how different pair-
ings capture complementary information, with the full RGB rep-
resentation providing comprehensive encoding of topological fea-
tures.

2.3. Image resolution and Gaussian kernels.

We evaluated the impact of image resolution and Gaussian
kernel size o on model performance using supervised learn-
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Figure 2. Ablation study on Image size (left) and Gaussian Kernel
(right) using Image Encoder Only.

ing on the Neuron7 and JML datasets. Image resolutions
ranged from 28 to 336 pixels (in multiples of 14 to accom-
modate the DinoV2 encoder), while kernel values o ranged
from 4 to 20. Results are presented in Figure 2. Perfor-
mance peaked at resolution 112 for both datasets, achieving
71.53% on Neuron7 and 57.52% on JML-4, then declined
at higher resolutions. For Gaussian kernels, optimal perfor-
mance occurred at o = 16 with 70.1% on Neuron7. Based
on these results, we use an image resolution of 112x112x 3
and o = 16 for all subsequent experiments.

2.4. Embedding, Batch size and Projection Head

Embedding Size. We ablate the projection embedding di-
mension across {32, 64, 128, 256}, trained jointly on BIL-6,
ACT-4, and JML-4 for 50 epochs under the self-supervised
scheme. EM-128 achieves the best overall performance,
with consistent gains over smaller dimensions, while EM-
256 slightly degrades on ACT-4, suggesting that overly
large embedding spaces may hurt generalization on smaller
datasets.

Table 3. Ablation on embedding size during self-supervised train-
ing.

Data EM-32 EM-64 EM-128 EM-256
ACT-4 | 53.47 56.25 56.25 51.39
BIL-6 84.42 85.71 86.20 85.71
JML-4 | 65.49 65.49 67.26 69.03

Batch Size. We evaluate batch sizes {64, 128,256} under
the same joint training protocol. BS-128 yields the best
results across all three datasets, as larger batches provide
more within-batch negatives for contrastive learning, while
BS-256 shows slight degradation, likely due to reduced gra-
dient diversity at our dataset scale.

Table 4. Ablation on batch size during self-supervised training.

Data BS-64 BS-128 BS-256
ACT-4 | 5347  56.25 54.17
BIL-6 | 83.12  86.20 83.12
JML-4 | 6460  67.26 68.33

Projection Head. We compare an MLP projection head



against a single linear layer. The MLP consistently outper-
forms the linear layer across all datasets, with the most no-
table gap on ACT-4 (56.25% vs. 52.08%), confirming that
non-linear projections better capture the complex morpho-
logical feature interactions needed for effective contrastive
representation learning.

Table 5. Ablation on projection head architecture: MLP vs. single
linear layer.

Data MLP  One Layer
ACT-4 | 56.25 52.08
BIL-6 | 86.20 84.42
IML-4 | 67.26 63.72

3. Cross-Domain Generalizability: Neuron-to-
Glia Transfer

To assess whether GraPHFormer learns representations that
generalize across cell classes, we conducted cross-domain
transfer experiments between neuronal and glial morpholo-
gies. We obtained glia reconstructions from NeuroMor-
pho.Org [1] spanning four species: mouse (7,000 samples),
rat (2,149), semipalmated sandpiper (1,784), and semipal-
mated plover (992). Our evaluation protocol consisted of
two transfer scenarios: (1) training on neuronal morpholo-
gies and testing on glia for species classification, and (2)
training on glia and evaluating across six established neu-
ronal benchmarks (BIL-4, JML-4 , ACT-4, N7, M1-Cell,
MI1-REG). All models were trained for 50 epochs using
self-supervised learning and evaluated with frozen k-NN
classification following the TreeMoCo protocol.

Table 6. Cross-domain transfer performance between neuronal
and glial morphologies. Left column: Model trained on neuron
data, tested on glia (species classification). Right columns: Model
trained on glia, tested on neuron datasets (cell-type classification).
Results demonstrate transfer capability despite morphological dif-
ferences between cell classes.

Test Dataset  Train: Neuron Train: Glia
Glia (species) 78.87 86.94
BIL-4 - 81.82
JML-4 - 68.14
ACT-4 - 46.52
N7 - 82.78
MI1-REG - 71.08
MI1-Cell - 72.84

Table 6 reveals cross-domain transfer despite morpho-
logical differences between neurons and glia. When trained
exclusively on neuronal data, GraPHFormer achieves
78.87% accuracy on glia species classification—8 percent-
age points below the glia-trained model (86.94%). This

demonstrates that multimodal topological-structural fea-
tures transfer across different cell classes.

The reverse transfer—glia-to-neuron—yields competi-
tive performance across several neuronal benchmarks. On
N7 (82.78%) and BIL-4 (81.82%), the glia-trained model
approaches within-domain performance, suggesting that
branching topology and radial geometry encode organiza-
tional principles that are shared across cell classes. Perfor-
mance on JML-4 (68.14%) and cortical datasets (M1-REG:
71.08%, M1-Cell: 72.84%) remains competitive, though
the lower ACT-4 result (46.52%) suggests that cortical layer
discrimination may benefit more from neuron-specific fea-
tures.

These findings indicate two properties of GraPH-
Former’s learned representations: (1) the multimodal fusion
of persistence images and graph structure captures mor-
phological signatures that generalize across cell types, and
(2) self-supervised contrastive learning discovers features
that maintain utility across domain shifts. The ability to
transfer between neurons and glia—morphologically dis-
tinct yet topologically related—suggests potential for few-
shot learning scenarios and cross-species comparative stud-
ies where labeled data is limited.

4. Embedding Space Visualization

To qualitatively assess the learned representations, we vi-
sualized the GraPHFormer embedding space using t-SNE
dimensionality reduction. Figure 3 displays the concate-
nated multimodal embeddings (tree + image encoders) for
four representative datasets: ACT-4 (cortical layers), JML-
4 (cortical layers and thalamic neurons), Neuron7 (diverse
cell types), and Glia (cross-species). The visualizations re-
veal clustering patterns that reflect the morphological orga-
nization captured by our framework.

For the ACT-4 dataset (cortical layer classification),
neurons from layers 2/3, 4, 5, and 6 form partially overlap-
ping clusters with some intermixing, particularly between
layers 5 and 6. This overlap aligns with the challeng-
ing nature of layer-based classification (59.1% accuracy in
self-supervised setting) and reflects gradual morphological
changes across adjacent cortical layers rather than discrete
boundaries.

The JML-4 dataset exhibits clearer separation, with
VPM (ventral posteromedial thalamic) neurons forming a
distinct cluster on the left, while cortical neurons (lay-
ers 2/3, 5, 6) show moderate overlap in the center and
right regions. This separation pattern is consistent with
the higher classification accuracy (72.7%) and demonstrates
that GraPHFormer distinguishes between thalamic and cor-
tical projection patterns, which exhibit more pronounced
morphological differences than intra-cortical variations.

Neuron7 shows well-organized clustering, with seven
cell types forming separated, cohesive groups. Bipolar



and amacrine cells (left), basket cells (center), and pyrami-
dal/spiny neurons (right) occupy distinct regions of the em-
bedding space. This organization (83.8% accuracy, £0.6%
variance) indicates that multimodal fusion captures mor-
phological signatures that distinguish functionally diverse
neuronal classes.

The Glia dataset (species classification) presents sub-
stantial overlap among mouse, rat, and two bird species
(semipalmated sandpiper and plover). Despite this
overlap—reflecting conserved glial morphologies across
species—GraPHFormer achieves 86.94% accuracy, indicat-
ing that the learned representations capture species-specific
variations in glial process organization that are not immedi-
ately apparent in the 2D projection.

These visualizations demonstrate that GraPHFormer
learns embedding spaces where morphologically similar
cells cluster together, with separation quality correlating
with both biological distinctiveness and quantitative clas-
sification performance.

Table 7. Ablation study of fusion strategies within the TreeMoCo
framework for neuron morphological analysis. All variants em-
ploy ResNet-18 as the image encoder and TreeLSTM as the tree-
structured encoder, jointly trained on the ACT-4, JML-4, and BIL-
6 datasets using contrastive learning. Performance is evaluated on
held-out test sets via frozen k-NN classification. We report aver-
age classification accuracy (in %) * standard deviation across three
independent random seeds for each fusion method.

Fusion Strategy ACT4 BIL-6 JML-4

Bi-Attention 5439 £ 3.6 87.04 £0.7 73.59+45
Addition 5754 +£42 845+ 1.1 7273 £ 1.3
CAMME [3] 5228 £ 1.6 845721 71.86+1.9
Concatenation 57.89 £ 1.1 8333+1.8 71.86+1.9
Gated 5825+426 8519407 7230+19
MHCA 5890+ 1.82 84.57+1.07 67.10+0.7

5. Cross-Modal Retrieval Analysis

To evaluate the alignment between tree and image represen-
tations, we performed bidirectional cross-modal retrieval
experiments. For each query from one modality, we retrieve
the top-5 nearest neighbors from the other modality using
cosine similarity in the learned embedding space. Figure 4
shows retrieval results for ACT, BIL, and JML-4 datasets in
both directions.

Asymmetric similarity scores. Image-to-tree retrieval
consistently achieves higher cosine similarities (0.80-0.90
across datasets) compared to tree-to-image retrieval (BIL:
0.12-0.73, JM: 0.00-0.46, ACT: 0.13-0.39). This asym-
metry stems from differences in information content: tree
graphs preserve detailed geometric information (coordi-

nates, radii, exact connectivity), while persistence images
compress morphology into topological summaries through
filtration and Gaussian smoothing.

Information bottleneck. When querying with a tree, the
detailed geometric specification may not find exact matches
in the compressed persistence image space, resulting in
lower similarities. Conversely, when querying with a per-
sistence image, multiple geometrically distinct trees shar-
ing similar topological features can match the query pattern,
yielding higher similarities.

Semantic alignment preserved. Despite lower absolute
scores in tree-to-image retrieval, retrieved neighbors gener-
ally belong to the correct morphological class, as evidenced
by consistent patterns in persistence images and similar tree
structures. This indicates successful alignment through con-
trastive learning, even with modalities of different informa-
tion density.

These results demonstrate that both modalities con-
tribute complementary information—graphs provide ge-
ometric precision while images offer topological invari-
ance—supporting the effectiveness of our multimodal fu-
sion approach.

6. MoCo-Style Training

We adopted the TreeMoCo framework [2] to evaluate
MoCo-style training of our multimodal approach. We inte-
grated the tree encoder and image encoder through various
fusion strategies, including multi-headed cross-attention
(MHCA), bi-directional cross-attention, addition, concate-
nation, gated fusion, and CAMME [3]. Our experimental
setup and loss function closely follow TreeMoCo, where the
objective is to maximize similarity between positive pairs
while minimizing similarity between negative pairs.

We employed ResNet-18 as the image encoder and
TreeLSTM as the tree encoder. Following TreeMoCo, we
jointly trained the models on the BIL-6, ACT-4, and JML-4
datasets in a self-supervised learning scheme. Model per-
formance was evaluated using frozen k-NN classification,
with k¥ = 20 for BIL-6 and ACT-4, and £ = 5 for JML-
4, consistent with the TreeLSTM evaluation protocol [2].
All models were trained for 50 epochs using SGD with an
initial learning rate of 0.06 and batch size 128.

Table 7 presents the fusion strategy ablation results. Per-
formance varies across datasets, with no single strategy
dominating universally. On BIL-6, bi-directional attention
achieves 87.04% (0.7), while MHCA performs best on
ACT-4 (58.90% +£1.82). Bi-directional attention performs
well on JML-4 (73.59% #+4.5), though with notably higher
variance. Simple strategies like addition and gated fusion
provide competitive results across all datasets, with addi-
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Figure 3. t-SNE visualization of GraPHFormer embedding spaces across four datasets. Top left: ACT-4 (cortical layers 2/3, 4, 5, 6) shows
partial overlap reflecting morphological gradients between adjacent layers. Top right: JML-4 displays separation between thalamic VPM
neurons (left cluster) and cortical projection neurons (center-right). Bottom left: Neuron7 exhibits distinct clusters for seven morpho-
logically diverse cell types (bipolar, amacrine, basket, pyramidal, spiny, stellate), demonstrating discrimination of fundamental neuronal
classes. Bottom right: Glia species classification (mouse, rat, semipalmated sandpiper/plover) shows overlapping distributions reflecting
conserved morphological features across species. Embeddings are obtained by concatenating tree encoder and image encoder outputs after
self-supervised contrastive pretraining. Clustering quality correlates with biological distinctiveness and classification accuracy.

tion achieving 57.54% on ACT-4 and gated fusion reaching
58.25%. These results indicate that fusion strategy selec-
tion depends on specific task characteristics, with attention-
based mechanisms generally showing competitive perfor-
mance but with dataset-dependent effectiveness.

7. Visual Correspondence Between Modalities

To illustrate the relationship between tree graphs and their
persistence image representations, Figure 5 shows represen-
tative examples from ACT, JML, and Glia datasets with tree
structures overlaid on their corresponding persistence im-
ages. Each row displays samples from a different morpho-
logical class, with the tree graph (green) superimposed on
the multi-channel persistence image encoding.

The visualizations reveal how morphological features
manifest in both representations. For ACT cortical neu-

rons, layer-specific differences in dendritic complexity and
branching patterns produce characteristic persistence sig-
natures with varying radial extent (red channel intensity)
and branch persistence (green channel). JML-4 samples
demonstrate contrast between cortical projection neurons
with complex dendritic arbors and thalamic VPM neurons
with simpler, more compact morphologies. Glia morpholo-
gies demonstrate species-specific variations in process or-
ganization, reflected in the spatial distribution and intensity
patterns across persistence channels.

The correspondence between tree complexity and persis-
tence image structure confirms that our multi-channel en-
coding compresses topological information while preserv-
ing class-discriminative features. Within-class consistency
(similar patterns across rows) and between-class variation
(distinct signatures across rows) validate that both modal-
ities capture biologically meaningful morphological differ-
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Figure 4. Bidirectional cross-modal retrieval demonstrating alignment between tree graphs and persistence images. Top row: Tree-to-
image retrieval for ACT, BIL, and JML-4 datasets showing query tree graphs (left) and top-5 retrieved persistence images with cosine
similarity scores. Bottom row: Image-to-tree retrieval showing query persistence images (left) and top-5 retrieved tree graphs. Note the
asymmetry in similarity scores: image-to-tree retrieval achieves higher similarities (0.80-0.87) compared to tree-to-image retrieval (0.10-
0.46), reflecting differences in information density between the graph and compressed topological representations.

Figure 5. Representative examples showing tree graphs overlaid on their persistence images across different morphological classes. Left:
ACT dataset (4 cortical layers). Center: JML-4 dataset (cortical layers and thalamic VPM neurons). Right: Glia dataset (4 species). Each
row represents a distinct class, with 4 samples per class. The green tree structures illustrate how branching topology and spatial extent map
onto the RGB persistence image encoding, where red captures unweighted density, green encodes persistence-weighted features, and blue
represents radius-weighted information.
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